ABSTRACT In recent years, a new concept of network architecture with control/data plane separation is introduced to the future network, which can effectively improve the mobility robustness and reduce the handover failure by providing the data plane services under the umbrella of a macro cell coverage layer. However, in the ultra dense network, frequent data plane handovers would still introduce huge signaling exchanges and latencies. In this paper, we propose a universal predictive mobility management scheme for urban ultra-dense networks to speed up the data plane handover process. We utilize the probability suffix tree model to save and analyze the transition relationships between small cells in terms of variable markov chains, and pre-configure a cluster of small cells with larger handover probabilities for the users. To accommodate different versions of the users, a compatible network-controlled predictive mobility management procedure and an advanced user-autonomous predictive mobility management procedure are proposed to support the proposed predictive mobility management scheme. The simulation results show that the proposed scheme can significantly improve the prediction accuracy with a lower redundant configuration cost and can effectively speed up the data plane handover process compared with the traditional mobility management.
I. INTRODUCTION
With the rapid development of wireless technology and the popularization of portable devices, the wireless traffic demands keep increasing exponentially in recent years. As predicted by Cisco, the monthly global mobile data traffic will be 49 exabytes by 2021 and annual traffic will exceed half a zettabyte [1] . Ultra-dense network (UDN) is regarded as one of the most promising technologies to solve this challenge by deploying a large number of various kinds of small cells within traditional macro cell's coverage [2] - [4] . However, as the small cells are deployed denser and closer to each other, the users meet the cell boundaries more frequently, which will trigger a large number of handover processes and signaling overheads towards the corenetwork (CN). Meanwhile, due to the short time-of-stay in small cells, moving users may suffer frequent handover failures, inefficient offloading and service interruptions as well.
With the aim of further enhancing small cell's performance in UDN, a new concept of network architecture with split control plane and data plane is proposed based on the carrier aggregation technology like dual connectivity and phantom cell [5] , [6] . Generally, in this new architecture, the macro cell with lower frequency and large coverage is configured as the master eNodeB (MeNB) and is responsible for maintaining the radio resource control (RRC) connection and providing the user's control plane transmission. The small cells on higher frequency support the user plane's data service and are configured as the secondary eNodeBs (SeNBs). This control/data plane separation transmission technology can apparently increase the user throughput by offloading more users to the small cells. Meanwhile, it can improve the moving user's mobility robustness and reduce the handover failure by keeping connectivity both in macro layer and in small cell layer.
In current 3rd Generation Partnership Project (3GPP) standards, the SeNB mobility management of control/data plane separation technology is inherited the way of carrier aggregation [7] . The SeNB's addition, change and release operations are fully controlled by the MeNB and triggered by the user measurement reports. With the dense deployment of small cells in UDN, frequent data plane handovers would still introduce huge signaling exchanges and latencies between the MeNB and SeNBs also between MeNB and users. To achieve fast and seamless data plane handover, several mobility management solutions under control/data plane separation architecture were proposed. Reference [8] - [10] introduced a softer data plane handover scheme which combined the coordinated multiple points transmission (CoMP) with the handover procedure of SeNBs to further improve the user's throughput and handover failure (HOF) performance. To optimize the data plane handover process and minimize the associated signaling and interruption time, [11] , [12] took advantage of the user's handover history and proposed a predictive data plane handover management scheme based on one-order markov chain model. The predictive mobility management allows the candidate SeNB to prepare and reserve resources in advance and can effectively reduce associated signaling and interruption latencies in the data plane handover process. However, all of the proposed schemes above are only concerned with the handover performance between two adjacent SeNBs which can be reached directly in a single handover (SeNB change case) but ignore the handover latencies when users attempt to change the data plane transmission from MeNB to SeNB (SeNB addition case). Meanwhile, there is still room for improvement in the predictive mobility scheme under the control/data plane separation architecture. Most existing predictive mobility management scheme that based on a specific user's data plane handover history can't be applied to the random users who never visit this area [13] . In addition, for the users who go back and forth along the same route frequently, the accuracy of one-order markov prediction is quite limited.
In this paper, a universal predictive mobility management scheme using the probability suffix tree (PST) based prediction algorithm is proposed for the moving users in the urban UDN scenario to effectively reduce the data plane handover latencies. As observed in real scenario, due to the constraints of geographical conditions and traffic rules in urban area, the users usually exhibit some specific mobility patterns which can be further translated into corresponding SeNB handover sequences. Our proposed PST-based prediction algorithm constructs a global PST to save and analyze all possible SeNB handover sequences in terms of variable markov chains and constructs the user-specific PSTs for the users who commute along the preferred routes. Online PST learning process is used for the PST to adapt to the dynamic changes in users' preferred routes and a hybrid PST-based prediction algorithm is proposed to predict the next SeNB based on the global PST model and user-specific PST model. To accommodate different versions of the users, a compatible network-controlled and an advanced user-autonomous predictive mobility management procedures are proposed to support the proposed predictive mobility management scheme.
The remainder of this paper is organized as follows: Section II explains our motivation and ideas. Section III describes the system model and the PST model. Section IV describes the proposed predictive mobility management scheme including the PST learning process, the PST-based prediction algorithm and the detailed mobility management procedure. Section V shows the simulation results with detailed analysis, and Section VI concludes the paper.
II. MOTIVATION
In the control/data plane separation architecture, the MeNB and the SeNBs generally operate on different frequencies, and there exist non-ideal backhauls between MeNB and SeNBs to exchange the information. The S1 interface terminates at the MeNB so that the SeNB mobility is hidden to the core network. In this architecture, the users which are located both in MeNB's and in SeNB's coverage can access into the MeNB and SeNB simultaneously, as shown in Fig. 1 . The MeNB is responsible to provide the control plane transmission, while the SeNB supports the data plane transmission.
The traditional SeNB mobility management is specified in 3GPP as shown in section 10.1.2.8 [7] . The SeNB's mobility management is mainly divided into the following three operations: SeNB addition, SeNB change and SeNB release, which are mostly initiated by the MeNB and are used to establish, change and release a user context at the SeNB that provides the radio resources to the user, respectively. The SeNB addition, change and release decision is mainly based on the user's measurement Event A4 (Neighbour becomes better than threshold), Event A6 (Neighbour becomes offset better than Serving cell) and Event A2 (Serving cell becomes worse than threshold), respectively.
Generally, as shown in Fig.2 , for the SeNB addition or change operation, when a SeNB fulfills the access criteria like Event A4 or Event A6, the MeNB sends the SeNB Addition Request which carries the SeNB configuration information to the target SeNB (T-SeNB). If the T-SeNB is able to admit the access request, it responds the SeNB Addition Request ACK with the radio resource configuration information to the MeNB. For the SeNB change or release operation, when a SeNB fulfills the leaving criteria like receiving the success configuration ACK of the T-SeNB or the Event A2 measurement report, the MeNB should send the SeNB Release Request to the source SeNB (S-SeNB) to release the S-SeNB resources allocation towards the user. Based on the new configuration, the MeNB generates and sends the RRC Connection Reconfiguration message to the user. The user applies the new configuration and replies with RRC Connection Reconfiguration Complete message to the MeNB to complete the reconfiguration procedure successfully. For the SeNB addition and change procedure, the user continues to perform synchronisation towards the T-SeNB via random access procedure and starts the downlink data transmission.
As observed from the above mobility management procedure of SeNB, the MeNB initiates the SeNB's addition, change and release operation once detecting the SeNB satisfies the handover criteria. When the user frequently handovers from one SeNB to another SeNB or from MeNB to the SeNB, there exist great handover preparing latencies due to the huge number of signaling exchanges through the non-ideal backhaul between MeNB and SeNB. However, in the control/data plane separation architecture, MeNB handles the control plane transmission of the users, which means the MeNB always knows which eNB provides the data plane transmission for the users. Thus, the MeNB has the ability to trace all users' visit trajectories between SeNBs and translate them into a series of discrete sequences by recording the cell identities of the SeNBs. For the ultra-dense network in urban area, the user generally accesses into the SeNBs in a certain order [14] - [16] . Therefore, to achieve the fast access to SeNB, we aim to utilize the transition relationships between SeNBs and pre-configure the SeNBs with larger handover probabilities for the users.
Variable order markov models are widely used in prediction of discrete sequences over a finite alphabet [17] , among which the PST model has proven to be effective for learning the probability distributions when there is high variance in the sequences' length [18] . Here we adopt an online PST learning process to dynamically analyze the transition relationships between SeNBs. Considering the different visit frequencies and route preferences of individual users, two kinds of PST models are generated by the MeNB. For the commute user who visits the MeNB coverage frequently with a preferred route, a user-specific PST model is constructed to guide the user's mobility prediction. By exploring the handover trajectories of all users within the MeNB, a general PST model is generated to assist the mobility prediction of the random visitors who never or rarely walk through the MeNB coverage and enhance the mobility prediction of the commute user who owns a user specific PST model. To minimize the pre-configured SeNB number and improve the prediction accuracy, a reliable hybrid PST-based prediction scheme based on the two kinds of PST models mentioned above is proposed in this paper. Meanwhile, two kinds of modified mobility management procedures are introduced for the control/data plane separation architecture to accomplish the predictive mobility management scheme. 
III. SYSTEM MODEL
A two-tier ultra-dense heterogeneous network which supports control/data plane separation architecture is considered here. It is assumed that there exist multiple SeNBs within the MeNB coverage and the MeNB keeps the control plane connections with all users. By recording the cell identities of the SeNBs that the user accesses into sequentially, the MeNB can trace the users' handover trajectories between SeNBs. The transition relationships between SeNBs can be described by a directed graph G = (S, E), where S and E denotes the node set and edge set respectively, as shown in Fig.3 . Each node represents a SeNB within the MeNB coverage and the edge between two nodes denotes that the data plane service can be directly or indirectly (by short-time MeNB service VOLUME 5, 2017 interim) transferred from the initial node to the destination node. Here we use the handover sequence to describe the user's handover trajectories between the SeNBs, which can be defined as follows Definition 1 Handover Sequence: The handover sequence is a discrete sequence which can be denoted by the SeNB list that the user accesses into sequentially within the macro cell coverage. Every time the user walks through the MeNB coverage, the MeNB can trace a handover sequence sample which can be denoted as follows:
where s i denotes the target SeNB cell identity of ith handover. For the handover sequence sample s, the handover sub-sequence between ith handover and jth handover can be denoted as follows:
} denotes the sample set that consists of m handover sequences over S. The length of the kth handover sequence sample is denoted as |s k |. Let ≥l denote the set of all handover sub-sequence with length larger or equal to l. We define the conditional probability that a user accesses into the SeNB σ right after a given handover sub-sequence h as the number of times that the user accesses into the SeNB σ right after h divided by the total number of times that the user accesses into all possible SeNBs after h. Given kth handover sequence sample s k in , then for any handover sub-sequence h of length |h|, we define the variables X k j (h) to be 1 if s k (j−|h|+1, j) = h and 0 otherwise. The number of occurrences of handover sub-sequence h in is given by
Then the conditional probability of SeNB σ behind handover sub-sequence h is defined by
where N (h * ) denotes the frequencies of the occurrences of the handover sequence that consists of h and any other SeNB.
A. PST MODEL
The PST was initially proposed by Dana Ron which utilizes the suffix tree as the storage structure to describe the probability characteristics of the symbol set in the training sequences [19] . The suffix is defined as follows: Definition 2 Suffix: Given the handover sub-sequence h = s 1 , s 2 , · · · , s |h| , the ith longest suffix of h is denoted as the sub-sequence from s i to the end SeNB s |h| in h, which can be denoted as suffix(
A PST over S is a non-empty tree with the maximum degree of |S|. Each edge in the tree is labeled by a single SeNB. The node in the tree presents a specific handover sub-sequence which is generated by walking up the tree from the node to the root and is assigned a probability distribution vector over S to store the conditional probability of the next SeNB under the handove sub-sequence of the node. The PST is essentially a variable order markov model. For the given SeNB handover network in Fig. 3 , we assume that users can only be allowed to walk along the direction from s 1 to s 7 , s 4 to s 6 and s 2 to s 8 . At each intersection, the user choose the next walking direction with the same probability. For example, P(s 3 |s 2 ) = N (s 2 s 3 )/N (s 2 * ) = 0.5, P(s 5 |s 2 s 4 ) = N (s 2 s 4 s 5 )/N (s 2 s 4 * ) = 0.5. Fig.4 (a) shows a traditional 2-tier PST over the SeNB handover graph. However, for the ultradense network, there exist a large number of SeNBs deployed within the MeNB coverage. While for each SeNB, it has only several candidate SeNBs that the user will access into afterwards. Therefore, to reduce the redundant data stored in the PST and apply for the online learning process proposed in Section.IV-A, we modify the traditional PST storage structure by setting a candidate SeNB set s_ID, a corresponding frequency vector freq and the conditional probability vector prob to each node, as shown in Fig. 4(b) . Fig. 5 shows a block diagram of our proposed predictive mobility management. In general, the proposed predictive mobility management scheme contains the following essential phases: 1) Obtain and save the historical handover trajectories of the users within the MeNB coverage; 2) extract and learn the handover trajectories in order to construct a model to describe the transition relationships between the SeNBs; 3) employ a prediction model to predict the next SeNB; 4) pre-configure the predicted SeNB and execute the predictive handover according to the modified mobility management procedure. Here, we adopt the PST model to learn and analyze the transition relationships between SeNBs and propose a PST-based prediction algorithm to guide the predictive mobility management.
IV. PST-BASED PREDICTIVE MOBILITY MANAGEMENT

A. PST LEARNING PROCESS
We derive an online learning approach to construct a PST model by analyzing the handover sequence history traced by the MeNB. Two kinds of PST models are generated by the MeNB. For the commute user who visits the MeNB coverage frequently with a preferred route, a user-specific PST is constructed to guide the user's mobility prediction. By exploring the handover trajectories of all users within the MeNB, a general PST is generated to assist the mobility prediction of the random visitors who never or rarely walk through the MeNB coverage and enhance the mobility prediction of the commute user who owns a user specific PST. We use T g to denote the global PST model, T u = {T u (i)|u i ∈ U} to denote the user-specific PST model set, where T u (i) denotes the userspecific PST model for the user u i .
There are several parameters in the PST online learning process. The first parameter is the maximum memory of the handover sub-sequence, denoted by L, which specifies an upper bound on the order of the variable order markov chain. The second parameter is the training set. Two kinds of training set are introduced to assist the construction of the PSTs: the global training set g which consists of the handover sequence samples of all users and the user-specific training set u = { u (u i )|u i ∈ U}, where u (u i ) denotes the handover sequence sample set of a specific user u i while U denotes the user set within the MeNB coverage. However, maintaining the handover sequence samples for each user in ultra-dense networks may lead to a huge data storage. Here we divide the time axis into periods and update the handover sequence sample sets periodically. Considering the different update rates of the two kinds of training sets, different update cycles are set for g and u : for example, g can be updated by hour or day while u can be updated by week or month. The third parameter N min denotes the minimum frequency that the handover sub-sequence can be admitted as a member of the PST, which is used to eliminate the handover sub-sequences with low frequencies and reduce the redundant elements in PST. Specifically, we use N g min ,N u min to denote the minimum frequency thresholds of handover sub-sequences occur in T g and T u , respectively. The final parameter is the recent dependency weight
which is proposed to smooth the frequencies of the handover sub-sequences at each update cycle.
Before constructing a new PST T , we first initialize T as a single root tree and update the PST model based on the training set. An online learning process is introduced to extract the frequency statistics of all handover sub-sequences from the training set and incorporate them into the PST model at the end of each update cycle. Algorithm 1 provides the pseudo-code for the PST online learning process which updates the T based on the weighted frequencies of the handover sub-sequences. In this process, we update the PST nodes sequentially from the lower order to the higher order, and update weighted frequencies of all handover subsequences exist in the T and training set as follows:
where N (hσ ) denotes the frequency of handover subsequence h in the training set ,Ñ t−1 (hσ ) denotes the weighed frequency of hσ at (t − 1)th update cycle. The handover sub-sequences whose updated frequencies are lower than the minimum frequency threshold N min will be deleted from T , while the new handover sub-sequences whose weighted frequencies are higher than N min will be added to T . The conditional probabilities are recalculated as the ratio of each updated weighed frequency by the total weighted frequency associated with the node. The computational complexity of constructing a new PST model is O(LK 2 ) where K is the total length of the handover sequence samples in the training set [17] . The computational complexity of updating an existing PST model is O(K ) where K is the total number of handover sub-sequences in the existing PST model. Thus the time complexity of proposed online PST learning process is O(LK 2 + K ).
B. THE PST-BASED PREDICTION ALGORITHM
The PST-based prediction algorithm is aimed to find the longest matching sequence in the PST and predict the next SeNB based on the conditional probability vector. Here we propose a hybrid PST-based prediction algorithm to search for the matching sequence node in terms of the maximum order from high to low, within the target PST model from the VOLUME 5, 2017
Algorithm 1 The PST Online Learning Process
Require: The existing PST T , the training set , the maximum order L, the minimum frequency threshold N min and the recent dependency weight R d . Ensure: The updated PST T .
for
Find the set S 1 ={σ |σ ∈ T [h].s_ID and hσ ∈ }; user-specific PST to the global PST. In order to compensate the accuracy performance of a single SeNB prediction, we introduce the accuracy cumulative threshold p th to assist the MeNB filter out a candidate SeNB set of high probability. As shown in Algorithm 2, when predicting the next SeNB based on the previous handover sub-sequence h, the prediction process starts from the highest order |h| and searches for suffix(h 1 ) in the user-specific PST T u and the global PST T g . If no matching node exists, then we reduce the suffix length of the handover sub-sequence and repeat the search in T u and T g until the matching node is obtained. If successfully obtain the longest matching sequence node, then we rank the candidate SeNBs of the node by the conditional probability in the descending order. After that, the candidate SeNBs are added to the predicted SeNB set one by one until the cumulative probability exceeds the accuracy cumulative threshold p th . If no matching sequence is found both in T u and T g , then return a null predicted SeNB set. Matching a handover subsequence h against a PST model is an O(|h|) operation. Considering the worst case, the computational complexity of the hybrid PST-based prediction based on the previous handover sub-sequence h is O(|h| 2 + |h|).
C. PST-BASED PREDICTIVE MOBILITY MANAGEMENT PROCEDURE
To accommodate different versions of the users, two kinds of new mobility management procedures are introduced here to support the predictive mobility management. To keep backward compatibility, a network-controlled predictive mobility management is proposed to provide the predictive handover for the current version users. A user autonomous predictive mobility management procedure which demands the modification not only at the network side but also at the user side is introduced to the network to achieve fast data plane handover within the MeNB coverage.
Here we define the previously pre-configured SeNB set as the source SeNB cluster (S-SCL), the predicted SeNB set as the target SeNB cluster (T-SCL), the SeNB set that will be pre-configured afterwards as the candidate SeNB cluster (C-SCL), the SeNB set that is needed to be released as the release SeNB cluster (R-SCL), respectively. Specifically, the C-SCL and R-SCL can be generated according to the following formulas:
. PST-based network-controlled predictive mobility management procedure.
1) NETWORK-CONTROLLED PREDICTIVE MOBILITY MANAGEMENT PROCEDURE
In the PST-based network-controlled predictive mobility management procedure, most of the handover preparation steps can be completed before the handover criteria is met. The MeNB pre-configures a list of predicted SeNBs in advance for the users and the configuration messages are saved at the MeNB side. When the user detects a target SeNB (T-SeNB) satisfying the access criteria, the user can directly get the SeNB configuration message from MeNB and execute the follow-up handover process without preparation latencies.
The detailed PST-based network-controlled predictive mobility management procedure is shown in Fig. 6 . When a user accesses into a SeNB, the MeNB executes the PST-based prediction algorithm and gets the T-SCL. If the T-SCL is empty, then the subsequent SeNB mobility management follows the traditional 3GPP procedure. Otherwise, the MeNB sends the SeNB Addition Request to the SeNBs in C-SCL. If the SeNB is able to admit this request, it sends SeNB Addition Confirmation ACK to the MeNB with the pre-configured radio resource information. Once the T-SCL addition is successfully completed, the MeNB initiates the release of the R-SCL resources towards the user. The new SCL configuration messages are saved at the MeNB side.
When the user detects a T-SeNB satisfying the access criteria, the user sends the measurement report to the MeNB. If there is no pre-configured SeNB cluster or the T-SeNB is not included in S-SCL that pre-configured at the MeNB side, then the MeNB initiate traditional 3GPP SeNB addition/change operation. If the T-SeNB is pre-configured in the S-SCL at the MeNB side, the MeNB transmits the system information to the user via the radio resource control (RRC) message RRC Connection Reconfiguration and switches the data forwarding path to the T-SeNB from the MeNB (SeNB addition case) or S-SeNB (SeNB change case). At the same time, with the new RRC configuration, the user can detach the data plane transmission from the MeNB or S-SeNB and access to the T-SeNB via the random access (RACH) process.
2) USER-AUTONOMOUS PREDICTIVE MOBILITY MANAGEMENT PROCEDURE
Although the network-controlled predictive mobility management can potentially offer key handover performance benefits, the handover cost can still be further minimized for the control data separation architecture. The PST-based userautonomous predictive mobility management is proposed to alleviate the mobility management burden at the MeNB side and speed up the SeNB handover procedure by moderately decentralizing some management functions to the user side. In this procedure, the MeNB pre-configures a list of candidate SeNBs with higher handover probabilities and delivers the configuration messages of the predicted candidate SeNBs at the user side. Once the user fulfills handover criteria of the candidate SeNB, the user can directly access into the target SeNB via RACH process and minimize the associated signaling and interruption latency.
The detailed user-autonomous predictive mobility management procedure is shown in Fig. 7 . When a user accesses into a SeNB, the MeNB executes the PST-based prediction algorithm and gets the T-SCL. If the T-SCL is empty, then the subsequent SeNB mobility management follows the traditional 3GPP procedure. Otherwise, the MeNB sends the SeNB Addition Request to the SeNBs in C-SCL. If the element SeNB is able to admit this request, it sends SeNB Addition Confirmation ACK to the MeNB with the pre-configured radio resource information. If the MeNB endorses the new configuration, the MeNB transmits the system information to the user via a modified RRC message M-RRC Connection Reconfiguration. The modified RRC message is initiated by MeNB and is responsible to transmit the related system information of the SeNB to the user without configuration interruption. The user saves the new SCL RRC configuration to assist the subsequent Random Access Procedure (RACH). When the user accomplishes the RRC configuration, it replies with modified RRC message M-RRC Connection Reconfiguration Complete to the MeNB. Once the T-SCL addition is successfully completed, the MeNB initiates the release of the R-SCL resources towards the user.
When the user detects a T-SeNB satisfying the access criteria, if there is no pre-configured SeNB cluster or the T-SeNB is not included in S-SCL that pre-configured at the user side, then the user sends the measurement report to the MeNB to initiate traditional 3GPP SeNB addition/change operation. If the T-SeNB is pre-configured in the S-SCL at the user side, auto-handover operation is initiated by the user. The user invokes the configuration records of the T-SeNB and autonomously executes the RRC reconfiguration by itself. Then the user sends the measurement report to MeNB to switch the data forwarding path to the T-SeNB from the MeNB (SeNB addition case) or S-SeNB (SeNB change case). At the same time, with the new configuration, the user can detach the data plane transmission from the MeNB or S-SeNB and directly access to the T-SeNB via the RACH procedure.
D. HANDOVER COST
The signaling cost of the PST-based predictive mobility management and traditional 3GPP mobility management can be expressed in terms of the latencies required to transmit the signaling messages via the non-ideal backhaul link and the wireless link [20] . Let C x2 denote the transmission cost via the backhaul link, C s and C m denote the processing cost at the SeNB and MeNB, C RRC and C RACH denote the operation cost of RRC configuration and RACH procedure, C ue denote the processing cost at the user side, respectively. The traditional 3GPP mobility management cost C 3gpp is given by:
The accurate PST-based network-controlled predictive mobility management cost C PST −N is given as
The accurate PST-based user-autonomous predictive mobility management cost C PST −U is given as
V. PERFORMANCE EVALUATION
We assess the proposed scheme by simulations in MATLAB under the METIS deployment [21] . We choose the TC2 scenario in [21] which is a 528m*375m typical urban information society model as our basic simulation scenario and 100 SeNBs (pico cells) are densely and randomly distributed outside the buildings. To simulate the user mobility behaviour within the urban area, we adopt the mobility model described in [22] . The movement of the users is based on the manhattan mobility model supplemented with points of interests (POIs). Each user randomly selects two intersections at which the user enters and leaves the simulation area and a building entrance as its target POIs, and finds the shortest possible route between the two POIs based on the graph theory approach [23] .All users move in the middle of the sidewalks with a speed of 1m/s and are only allowed to cross the street at intersections. Here we denote our proposed predictive mobility management scheme as PMM for simplification. The simulation parameter values are listed in Table 1 [7] , [20] . 
1) HANDOVER PERFORMANCE OF RANDOM USERS
First of all, we evaluate the performance of the predictive mobility management for the random users under the global PST model T g . The MeNB records 1000 users' handover histories in advance, and there are 100 random users moving in the simulation area. The minimum frequency threshold N g min is set to 5. Fig.8(a) gives the accuracy, redundant SeNB configuration cost ratio and handover latency performances of the random users under different accuracy cumulative thresholds, different maximum orders of PST model. Fig. 8(a) shows the accuracy performances of the PST prediction under the different accuracy cumulative thresholds and different maximum orders of the PST model. Generally, the prediction accuracy performance is improved with the growth of the accuracy cumulative threshold and the maximum order of the PST model. When the accuracy cumulative threshold is higher than 0.8, the accuracy of the PST prediction can reach above 90%. While under lower accuracy cumulative threshold, the high order PST prediction can further improve the accuracy performance. It is shown that when the accuracy cumulative threshold is set to 0, the accuracies of higher order PST (L ≥ 2) predictions can reach at around 75% while the accuracy of one order PST (L = 1) prediction is only around 47%. That's because the high order PST prediction can distinguish the movement direction of the user by analyzing the previous handover sub-sequence and predict the next SeNB more accurately.
However, the high prediction accuracy of the PST-based prediction under high accuracy cumulative threshold is acquired at the cost of the redundant configurations of more SeNBs for the user. Here we use the redundant SeNB configuration cost ratio as a metric to evaluate the configuration cost of the proposed scheme, which can be defined as the ratio of the number of extra pre-configured SeNBs to the number of SeNBs that the user actually accesses into. Fig. 8(b) gives the redundant SeNB configuration cost ratio under the different accuracy cumulative thresholds and different markov orders of the PST model. It is shown that the redundant SeNB configuration cost ratio increases with the growth of the accuracy cumulative threshold. When the accuracy cumulative threshold is set to 0, we select and pre-configure a single SeNB with highest probability for the user. While when the accuracy cumulative threshold is set to 1, we pre-configure all possible SeNBs for the user. Meanwhile, we observe that the high order PST prediction can reduce nearly half of the redundant SeNB configuration cost compared to one order PST prediction. Fig. 8(c) shows the handover latency performances of network-controlled prediction mobility management (NC-PMM) and the user-autonomous prediction mobility management (UA-PMM) under different accuracy cumulative thresholds and different maximum orders of the PST model compared with the traditional 3GPP handover latency. Results show that with the increasing of the accuracy cumulative threshold and the maximum order of the PST model, the PST prediction accuracy increases and the handover latency is gradually reduced to the ideal minimum handover latency value (45ms for NC-PMM and 33ms for UA-PMM).
On the whole, high accuracy cumulative threshold can improve the prediction accuracy and reduce the handover latency at the cost of redundant SeNB configuration cost. While the high order PST prediction can largely cut down the configuration cost for the network. As observed in Fig. 8 , when the maximum order of PST is greater than 3, the gain brought by the high order PST prediction is not obvious. Therefore, to reduce the data storage overhead of the PST-based prediction algorithm, we can adopt 2 or 3 as the recommended value of the maximum order of the PST model. In actual network, we can set an appropriate accuracy cumulative threshold by finding a compromise between the network's signaling overheads and the user's handover latency requirements.
2) HANDOVER PERFORMANCE OF COMMUTE USERS
We further evaluate the handover performances of the predictive mobility management for the commute user who has a preferred route across the MeNB coverage. To evaluate the proposed scheme under different percentages of random data, the commute user can follow the preferred route in some days and random routes in other days. The MeNB updates the user-specific training set on a week basis and the minimum frequency threshold N u min is set to 2. According to the results above, we use the third-order PST model to save and analyze the transition relationships between SeNBs. Moreover, three PST-based prediction methods are put forward for the commute user: the user-specific prediction under the single user-specific PST model, the global prediction under the single global PST model and the proposed hybrid prediction under the combined user-specific PST model and global PST model, which are denoted by PMM(T u ), PMM(T g ) and PMM(T u +T g ), respectively. Fig. 9 gives the accuracy, redundant SeNB configuration cost ratio and handover latency performances of the commute users under different accuracy cumulative thresholds with different prediction methods and different percentages of random data. Fig. 9(a) gives the accuracy performance of the PST prediction of the commute users under different accuracy cumulative thresholds, different prediction methods and different percentages of random data. It shows that for the user-specific prediction, the accuracy performance is closely related to the percentage of random data. For the users who commute strictly on the same route, the accuracy of the user-specific prediction can achieve 100%. With the percentage of random data increasing, the accuracy of the user-specific prediction drops. That's because the user-specific PST model can only explore the transition relationships between SeNBs within a certain area due to the limitation of a single user's movement routes. When the user goes through the unfamiliar area, there is no way to predict the next SeNB based on the user-specific PST model. By using the global prediction method, the commute user can maintain a similar accuracy performance as the random users regardless of the percentages of random data. While our proposed hybrid prediction under user-specific PST model and global PST models can obtain a more outstanding prediction accuracy performance than the above two prediction methods. It can be observed that the proposed prediction can achieve more than 90% accuracy even when the accuracy cumulative threshold is set to 0. Fig. 9(b) shows the redundant SeNB configuration cost ratio of the commute users under different accuracy cumulative thresholds, different prediction methods and different percentages of random data. When the user follows the preferred route, the user-specific prediction can predict the next SeNB precisely. Due to the limitation of the historical data saved in the user-specific PST model, when the user move along an unfamiliar route, the user-specific prediction can't work and the handover between SeNBs, MeNB and SeNBs can only follow the traditional 3GPP handover procedure. Thus it can be observed that the PST-based prediction under the user-specific PST model has a smaller configuration overhead compared to the other two PST prediction methods. Due to the diversity of handover sequences in the global training set, it needs more redundant SeNB configuration cost for the global prediction to achieve a high accuracy performance. In contrast, our proposed prediction method can reduce nearly half of the configuration overhead while achieving a better accuracy performance compared with the global PST prediction. Fig. 9 (c) and Fig. 9(d) show the UA-PMM's and NC-PMM's handover latency performances of the commute users under different accuracy cumulative thresholds, different prediction methods and different percentages of random days, respectively. It can be observed that for the user-specific prediction, the handover latency performance gradually approaches to the ideal handover latency (33ms for UA-PMM and 45ms for NC-PMM) as the random data percentage decreases. For the global prediction, with the increasing of the accuracy cumulative threshold, the handover latency performance gets closer to the ideal handover latency. While the proposed hybrid prediction can further improve the handover latency performance on the basis of above two prediction methods.
In particular, in order to verify the optimization performances of the two kinds of SeNB handover events in the proposed scheme, we set the accuracy cumulative threshold to be 0.8 and the commute user's percentage of random days to be 50%, and make a statistics in the ratios that the user accomplishes the SeNBs' addition and change operations according to the traditional 3GPP procedure and the proposed PMM procedure, respectively. As shown in Fig. 9(e) , the proposed PMM scheme can greatly reduce the proportion that the user accesses into the SeNBs through the traditional 3GPP procedure and speed up both the SeNB addition and change operation by using the proposed PMM procedure. Meanwhile, due to the prediction accuracy improvement, the proposed hybrid prediction method can further reduce the ratios of the 3GPP SeNB addition and change operations compared with the global prediction method and the userspecific prediction method.
In general, the proposed hybrid prediction method can compensate the limitation of user-specific prediction , further optimize the prediction accuracy, reduce the handover latency at a lower the configuration cost on the basis of global prediction.
VI. CONCLUSION
Taking into account the characteristics of control/data plane separation architecture and the regularity of user's movement in urban ultra-dense network, in this paper, we propose a universal predictive mobility management scheme which can be applied to both the commute users and the random users. Our scheme adopts the PST model to learn and analyze the transition relationships between SeNBs and proposes a hybrid PST-based prediction algorithm to guide the predictive mobility management. Two modified mobility management procedures are proposed for the network to support the scheme's execution. Simulation results show that the proposed high order PST-based predictive mobility scheme can significantly improve the prediction accuracy and effectively speed up the data plane handover process at a lower cost of redundant SeNB configurations. As a Director or a Key Member, she has made remarkable achievements by leading or participating in many research programs, some of which are supported by the government, such as the China National 973 Program and the China National 863 Program. Other programs are company-sponsored projects. Her current research interests include key technologies and system performance evaluation for 4G/5G wireless networks.
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